I. INTRODUCTION
Wireless Sensor Networks (WSNs) are networks of minia turised and battery operated sensors with limited radio data transmission and processing capability. They can gather and deliver their sensed events to a Base Station (BS) in order to monitor a far-away environment. Due to their flexibility and low-cost nature, they can be used in various applications such as emergency response, commercial, surveillance, volcanic earthquakes, health-care, smart traffics, and weather forecast ing [1]- [6] . WSNs can be employed in an ad-hoc manner and in rough areas in which a human presence is impossible [7] .
One of the main concerns regarding WSN protocols is energy efficiency, because their lifetime is dependent on their battery and often there is no opportunity for battery recharging or replacing. Consequently, a large number of studies have been produced in the past decade in order to propose energy efficient routing algorithms in this area [8] , [9] .
Clustering sensors into small groups is an energy effi cient approach for managing a high number of sensor nodes throughout a wide area in an ad-hoc manner. Clustering is more useful when we consider that usually, neighbouring nodes sense identical events. If each node directly transmits its sensed events to the BS, it is not energy efficient and also it might lead to data collision and traffic congestions. In a clustering approach, there is one Cluster Head (CH) per cluster which is responsible for gathering and aggregating similar data to reduce the transmitting data volume [10]- [12] .
When a new clustering algorithm is proposed, it is necessary to define its capacity and assess it with accurate modelling of the communication mechanism and fundamental organisation. Certainly, after employing such analytical models, a complete understanding of the contributing factors for the network appears. Thus evaluating different algorithms and selecting the perfect one for functional implementation is made possible. For a large number of topologies, using physical studies and also running a network simulator is unfeasible due to the time cost. Algorithm modelling on the other hand offers an effective and economic tool which can help to evaluate the benefits of an algorithm [13] .
Since in a network area a number of sensors might be more active than others because of their proximity to critical regions, the Activity-aware Avoid Near Cluster Heads (A ANCH) algorithm was proposed to prolong the lifetime of active sensors rather than in-active ones [14] . In this paper, an analytical model for forecasting the number of sensed events (packets) for the A-ANCH algorithm is proposed. The model presents the contributing factors and monitors energy depletion under different functional positions. The accuracy of the analytical model is assessed using simulation software.
The rest of this paper is organised as follows. In Section II, related work is presented. The A-ANCH clustering algorithm is briefly proposed in Section III. The analytical model of A-ANCH and its discussion are in Sections IV and V, re spectively. Finally, Sections VI and VII consist of our model evaluations and concluding remarks.
II. RELATED WORK
Over the past decade, a number of WSN clustering algo rithms have been proposed such as Low Energy Adaptive Clustering Hierarchy (LEACH) [8], Hybrid Energy-Efficient Distributed (HEED) [15] , ANCH [9] , and A-ANCH [14] . One of the most well-known clustering algorithms for WSNs is LEACH. The popUlarity of LEACH is not only for its simplicity, but also for the concept of rotating CHs to actively balance energy depletion among sensors [8] .
HEED [15] and ANCH [9] are two distributed clustering algorithms for WSNs which propose uniform distribution of CHs across the network. Nevertheless, ANCH has better performance in energy saving, processing time, and message exchange complexity than HEED [16] , [17] .
One of the early analytical models in WSNs was proposed for the LEACH algorithm in [18] . They argued that the network' s energy consumption is proportional to the square of the communication length in each cluster. For each sensor, this can be obtained using the following definition:
where E[ dZ oCHl is the expected square communication length of nodes from their CH, k is cluster numbers, p = )J2 and is called the sensors' density, and /vI is one side of the network area. Nevertheless, some unrealistic hypotheses have been made when establishing the model; all clusters are considered to be formed equally, all clusters areas are disc-shaped with radius r , and also the network area is covered by these k non-overlapping clusters.
The concerns raised in [18] have been solved in another analytical model in [19] . This analytical model estimates the energy depletion of the LEACH algorithm and suggests the optimal number of clusters. They argued that the network energy consumption is proportional to the summation of the square of the communication distance in clusters and this can be achieved using the following definition:
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where E[L nodeEcluster(j» dZ oCHl is the expected summation of the square of the communication distance of nodes from their CH, ACH is the density of the CHs in the network area and is given by J\�2' ACM is the density of the Cluster Members (CMs) in the network area and is given by lj;[2k, k is cluster numbers, N is the number of sensors, and /vI is one side of the network area. Employing simulation software, their studies showed that their model is considerably superior to [18] and has more than 80% accuracy with the LEACH algorithm.
An analytical model for the ANCH algorithm was proposed in [16] , [17] . This research has shown that the energy con sumption of the network area using the ANCH algorithm is proportional to the expected summation of the square of the distance of CMs from their CH and this can be achieved using the following definition:
where E [ L nodeEcluster(j) dZ oc H] is the expected summation of the square distance of CMs from their CH, d is the closeness parameter used in the ANCH algorithm, ACH is the density of the CHs in the network area and is given by )J2' AC M is the density of the CMs in the network area and is given by lj;[2k, k is cluster numbers, N is the number of sensors, and M is one side of the network area.
Using simulation software, this study showed that the pro posed model has on average 9l.08% accuracy with the ANCH algorithm.
A brief description of the A-ANCH algorithm is presented in the next section.
III. THE A-ANCH ALGORITHM
In a network area, the distributed sensors' values might be different. As long as certain nodes might be active because of their proximity to a critical field, others might be in-active. For instance, to record animal movements across a wide envi ronment, no pre-determined data might be available about the popular roads used by animals. But if we distribute a number of wireless sensor nodes throughout the environment, their movements can be sensed and reported to a BS. Therefore, the activity of those sensors which are close to the animal tracks would be more than other nodes.
In this special WSN application, the aim is to extend the lifetime of the active nodes rather than in-active nodes. A ANCH is a new algorithm to extend the lifetimes of active nodes, and consequently it increases the monitoring time of critical areas in the network environment.
In the scheme depicted above, the optimum dying pattern might be similar to those of Figure l. In this figure, all in active nodes are dead, while all active nodes are alive. In fact, in-active nodes have been sacrificed, in order to extend the active node lifetimes. The A-ANCH clustering algorithm is proposed for this scenario in order to extend the lifetimes of active sensors that monitor critical regions of the area.
The first step of the A-ANCH algorithm uses ANCH which is a new clustering algorithm for WSNs [9] . The ANCH algorithm has been selected due its efficiency and novelty [16] , [17] .
In clustering approaches, the role of CHs is crucial. They gather all sensed events from other nodes, aggregating it where necessary and transmit the data to the BS. Therefore, their commitment might be heavier, and their batteries drain quicker than other sensors. By employing the A-ANCH algorithm, we aim to give this heavy commitment to in-active nodes which are not as essential. In turn, this would free active sensors from CH commitments, meaning their batteries could be saved and used only for sensing.
In the first step of the A-ANCH algorithm, the ANCH algorithm is executed. All nodes are grouped into a number of clusters and each cluster has a CH. In the second step, each cluster considers its internal strategy individually. Afterwards, each CH can find the most in-active CM in its cluster, because it receives data from all the nodes in its cluster. Thus in the second step, the most in-active node is selected as the new CH. CHs are not routinely rotated like this, and it is possible for a CH to retain its role for its whole lifetime. But when the CH is about to expire it will select the most in-active CM as the new CH. Also, it can send all needed data to the newly selected CH.
The new CH announces its new role to all CMs, who do not need to register themselves with the new CH because all their data has already been communicated by the predecessor. This routine can be rerun for all nodes in each cluster, until they all die. The most active nodes are elected last, enabling the network to prolong its functioning as long as is feasible.
IV. ANALYTICAL MODELLING OF A-ANCH
In this section, our analytical modelling of A-ANCH is presented. The analytical model presented here shows the number of sensed events (packets) in the network area using contributing parameters. The performance of the A-ANCH clustering algorithm can be analysed and evaluated in vari ous configurations using this analytical model. Our proposed analytical model tries to calculate the number of sensed events during the network lifetime in a manner that can be compared with a simulation software.
As the ANCH clustering algorithm is employed in the first step of shaping the initial clusters, consequently its analytical model as presented in [16] , [17] can be employed as the first step of the analytical model for A-ANCH also. In our model,
The number of clusters is K and the number of sensors in each cluster is on average n = (IR). Once all clusters are shaped using the A-ANCH clustering algorithm in each cluster, the expected distance of each CM from its CH can be obtained from the following expression [16] , [17] : We assume in each cluster there are n sensors whose activity rates are in the [0, 1] range. Their activity rates are shown by aI, a 2 , ... , an, in which al :s: a 2 :s: ... :s: an· al is the least active sensor, while an is the most ac tive sensor. In the first CH duration, all sensors are alive, thus the total number of sensed events averagely would be (al + a 2 + a 3 + ... + an). In the second CH duration the least active node dies and the total number of sensed events averagely would be (a 2 + a 3 + ... + an). Finally, in the last CH duration, the total number of sensed events on average would be (an). Therefore, in the network lifetime, the total number of sensed events would be A = (al + a 2 + a 3 + ... + an) + (a 2 + a 3 + ... + an) + ... + (an) A = al x 1 + a 2 x 2 + a 3 x 3 + ... + an X n Thus, the value of Expression (5) would be A = ( 9 n 1) ( 9 n 2) ( 9 n � ) 10 + + 10 + + ... + 10 + 10
As we have TI; terms in the (6), it can be simplified to (6) n 9 n n A=( 10 )X( 1O )+(1+2+ .. ·+ 1O )· (2n-l) (2n)' (2n)' (2n)"'" (2n)
Using (S) and (8), A can be calculated as below:
In the ANCH algorithm, each sensor sends its sensed events to its CH. Once each round finishes, the CH aggregates and sends data to the BS. The energy of each round can be calculated from the expression below:
where, E send (d) is the energy used for sending one message from a CM to its CH. This value depends on d, which can be obtained from (4). Ereceive is the energy used for receiving one message by a CH which is independent of its distance.
E send (base) is the energy used for sending one message from a CH to the BS.
In the ANCH algorithm, the CH role changes in each round. But in the A-ANCH algorithm, each CH keeps its role, as long as its energy lasts. Thus, in the A-ANCH algorithm, each CH keeps its role for a number of rounds which can be shown by N raunds ' We use the network initial energy to obtain the N raunds ' If we assume that the CH durations for all sensors are equal with each other, we can obtain N raunds using the expression below:
Finally, by combining (4), (S), (10), and (11), the number of sensed events for all of the network, K clusters, can be derived using the expression below:
In our analytical model, the energy used in the set-up phase is neglected due to its negligible amount and the long steady phase of the A-ANCH algorithm.
V. DETAILED STUDY OF ANALYTICAL MODEL
Using the analytical model, a comprehensive analysis of contributing factors is obtained, providing an evaluation of the network under different operational conditions. Considering the details of (S), (10), and (12), we arrive at the following observations: 1) Increasing the proportion of active sensors to all sensors leads 10 an almost linear increase in the number of sensed events. According to (S), increasing the number of active sensors leads to an almost linear increase in the amount of parameter A, and because parameter A is in the dividend of Expression (12) , it leads to an almost linear increase of sensed events. 2) Increasing the number of sensors also leads to an increase in the number of sensed events. According to (S), increasing the number of sensors leads to an almost linear increase in the amount of parameter A. Since parameter A is in the dividend of Expression (12) , it leads to an almost linear increase in sensed events. Also, it can be considered that increasing the number of in-active sensors can increase the number of CH durations and therefore the network can benefit more from active sensors. 3) Increasing the network dimensions leads to a decrease in the number of sensed events. According to (10), increasing the network dimensions leads to an increase in the amount of the Eraund param eter. Since parameter A is in the divisor of Expression (12), it leads to a decrease in sensed events.
4)
Increasing the number of clusters, K, has no consider able impact on the number of network sensed events.
Increasing the number of clusters leads to an almost linear decrease in (S), because the number of sensors in each cluster reduces linearly. On the other hand, it leads to an almost linear increase in (10) because parameter K is in its dividend. Therefore, these linear decreases and increases can negate each others' impact.
VI. EXPERIMENTS AND EVALUATIONS
In this section, the precision of the A-ANCH analytical model is examined. The precision of this model has been verified by comparing it with the simulation results used in [9] , [14] , [16] , [17] . In our evaluations, the sensors' inner calculating operations do not consume energy and all of their energy is only used for message transmitting purpose. The energy model in all of our experiments is precisely the same as the one employed in [8] . Our validation studies have been performed for several combinations of sensor numbers and network edges. 100 different randomly generated topologies are run for each simulation scenario and the average results are demonstrated. In all experiments the closeness parameter used in the ANCH algorithm is d = IS metres, the initial energy of each node is 10 J, and the number of clusters is
K=8.
In the first group of studies, the effects of varying the number of sensors on the precision of the suggested model is compared against the simulation results. Network edges are 100, 200, 300, and 400 metres, while the number of sensors varies from 200 to SOO. In the figures presented here, the horizontal axis represents the number of sensors while the vertical axis shows the total number of sensed events. Figures 2, 3, 4 , and S show the accuracy of our model for three different scenarios of activeness which are 20%, 40%, and random activity rates shown by the A-ANCH2, A-ANCH4, and A-ANCHR curves. Figures 2, 3, 4 , and S illustrate the results for network edges of 100, 200, 300, and 400 metres, respectively. These four figures show averagely 92.78% accuracy compared with the simulation software. In the second group of studies, the effects of varying the network edge on the precision of the suggested model Our experiments in this section demonstrate that the simu lation results closely match those predicted by the analytical model.
VII. CONCLUSION
In a WSN area, the importance of individual distributed sensors may vary. One of the most recent clustering algo rithms for these kinds of networks is the A-ANCH algorithm. ANCH prolongs the active sensors' lifetimes by sacrificing in-active nodes. In this paper, an analytical model for the A ANCH algorithm was presented in order to predict the number of sensed events (packets) in the network. Our extensive experiments illustrated on average 9l.08% accuracy for the proposed mathematical model compared with the results of a simulation study. The analytical model presented here has also revealed that the number of sensed events in the A-ANCH algorithm is sensitive to the number of sensors, the proportion of active sensors to all sensors and the network dimensions. Nevertheless, it is almost insensitive to the number of clusters.
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